Researchers have attempted to measure the success of crowdfunding campaigns using a variety of determinants, such as the descriptions of the crowdfunding campaigns, the amount of funding goals, and crowdfunding project characteristics. Although many success determinants have been reported in the literature, it remains unclear whether the cover photo and the text in the title and description could be combined in a fusion classifier to better predict the crowdfunding campaigns success. In this work, we focus on the performance of the crowdfunding campaigns on GoFundMe over a wide variety of funding categories. We analyze the attributes available at the launch of the campaign and identify attributes that are important for each category of the campaigns. Furthermore, we develop a fusion classifier based on random forest that significantly improves the prediction result, thus suggesting effective ways to make a campaign successful.
Introduction
In recent years, the rise of charitable crowdfunding platforms such as GoFundMe makes it possible for Internet users to offer direct help to those who need emergency financial assistance. However, the success rate of the campaigns is found to be less than 50% (success is defined as a campaign that reaches its funding goal).
In this study, we analyze GoFundMe, which is currently the biggest crowdfunding platform. It has helped to raise over $5 billion since its debut in 2010. This site allows people to raise money for various events, from life events like a wedding to challenging situations such as accidents or illness (Monroe 2019). We crawled the pages of all 10,974 available crowdfunding campaigns on the site. This research investigates success determinants for a crowdfunding campaign. Our research questions are: can we quantify the economic returns of the image and text features? If so, can we reliably predict the fundraisings performance using the attributes available at the launch of the crowdfunding campaign?
Using the variables extracted from our dataset, we define the measure of the crowdfundings success as the ratio of the current amount of money that has been raised to the fundraisers goal amount. To further understand the determinants of successful campaigns, we separately analyze image and text features to understand how much each of these factors contributes to the success of a crowdfunding campaign.
So far, almost all research concerning crowdfunding has analyzed Kickstarter to predict crowdfunding performance. Kickstarter is a fundraising platform that differs from Go-FundMe in the usership demographics and management of the raised money. We investigate whether the effects of text and image features are consistent across Kickstarter and GoFundMe and how much the difference between successful and unsuccessful campaigns can be explained by such factors. We predict crowdfunding outcomes by combining both textual and pictorial descriptions of the crowdfunding projects. This combination provides a more comprehensive view of the factors in successful crowdfunding projects and helps to better take into account possible interrelations.
Because GoFundMe categorizes fundraising by its purposes (e.g. medical, education, wedding, etc.), we analyze the important textual and pictorial features that contribute to the success of fundraising for specific purposes. For instance, volunteer and service campaigns with more people in the cover photo might have a higher chance to succeed than those with a cover image of a single person.
The main contributions of our research are:
• We analyze image and text features that are important to specific categories of crowdfunding campaigns. • We analyze facial attributes in the cover image and examine their impact on crowdfunding performance. • We design a fusion analytic framework that can combine both textual and pictorial descriptions of crowdfunding projects to reliably predict crowdfunding outcomes.
To the best of our knowledge, this is the first successful research that applies both language topic modeling and computer vision methods to extract features from project descriptions and cover images, in order to analyze and predict crowdfunding project success. We analyze GoFundMe because campaigns launched here are charity-minded and rich in categories, while campaigns launched on Kickstarter are exclusively entrepreneurial. This project provides a more comprehensive view of the factors in successful project funding of projects and better takes into account possible interrelations. The managerial implication of our research is arXiv:2001.05446v2 [cs.SI] 16 Jan 2020 that the crowdfunding platforms can better identify the most influential image and text features. They can offer strategic suggestions to help their users (fundraisers) raise more money and also attract more donors to their websites.
Related Work
Many studies have been conducted to explore the determinants of campaign success on the crowdfunding platform Kickstarter. It has been found that active communications with the platform members (Xiao et al. 2014) , project description and image (Greenberg et al. 2013) , project characteristics (Mitra and Gilbert 2014; Etter et al. 2014) , geographical factors (Mollick 2014) , linguistic style (Parhankangas and Renko 2017) , the amount of the funding goal (Miller et al. 2013) , the number of first backers, and the content of the project updates (Kuppuswamy and Bayus 2015) have a significant impact on the success of crowdfunding projects.
Several researchers have attempted to predict crowdfunding success using various machine learning techniques. In a study conducted by Greenberg et al. (2013) , they found that the decision tree classifier predicted the crowdfunding success with an accuracy of 68% at best. Instead of using static attributes (i.e., attributes available at the launch of the campaign), Etter, Grossglauser, and Thiran (2013) combined both direct features and social features to predict the campaign outcome, and their model achieved a 76% accuracy. Yuan, Lau, and Xu (2016) proposed a semantic text analytic approach to predicting crowdfunding success; they found that topic models mined from topic descriptions are useful for prediction. In addition, they found that an ensemble of weak classifiers -random forest performed better than a single strong classifier -support vector machine.
Moreover, facial expression such as smile is shown to be helpful in predicting crowdfunding success. Smile is collectively understood as a sign of friendliness, generosity, and other altruistic behaviors (Brown et al. 2003; Gabriel et al. 2015; Grandey and Gabriel 2015; Lau 1982; Mehu et al. 2008 ). An employee-displayed smile brings three primary positive outcomes, including immediate gains (e.g., sales and tipping), encore gains (e.g., customer loyalty), and contagion gains (e.g., positive word-of-mouth). Smiling is also widely used as a useful marketing tool to improve impressions among consumers (customer relationship) and to enhance consumers consumption experiences (Lee and Lim 2010; Barger and Grandey 2006) . Kim and Park (2017) conducted an empirical analysis to examine the relationship between facial expression and crowdfunding success. They found out the inclusion of a smiling face is associated with 5% increase in the funding amount.
The literature suggests many factors for crowdfunding success using quantitative methods, and some articles utilize qualitative methods to examine the crowdfunding performance (e.g. Johansen 2019) by interviewing the backers of the campaigns. Their results showed that backers are chiefly concerned with the legitimacy of the projects. Building on this body of research, we select success determinants and evaluate them against the success metric.
Data and Extracted Features
Data Collection. We first crawled all the available crowdfunding campaigns on GofundMe.com. As the example shown in Figure 1 , we were able to collect 10,974 crowdfunding campaigns around the world. Since it is not possible to differentiate the donation currency when the fundraiser is from another country other than US, we decided to use only U.S. data in our analysis, which amounts to 8,355 U.S. campaigns on the GoFundMe.com. Crawled Features. Table 1 shows the extracted features directly crawled from the website. Dynamic features such as the number of followers, the number of shares, and the number of donors are also included. Table 2 shows the inferred features.
• Population: Since the available attributes do not directly list the population, we infer that from the fundraisers location (e.g. Los Angeles) using the US Census Bureau data (2018). • Image Quality Assessment: We use a pre-trained model called NIMA (Lennan, Nguyen, and Tran 2018) to predict aesthetic and technical quality scores for each cover image. The models were trained via transfer learning, where ImageNet pre-trained CNNs were used and fine-tuned for the classification task. • We use Face++ (faceplusplus.com), which is a face recognition platform based on deep learning (Yin et al. 2019). As can be seen from 
Methodology
Crowdfunding Success Metrics. We bin the data into four groups (Figure 2 ) according to the smoothed goal amount shown in the distribution in Figure 2 , which reveals four distinctive groups: (0, 8000], (8000, 40000], (40000, 68000], and (68000, 100000]. In each group, we define the success of a crowdfunding campaign using the ratio of the amount of money that has been raised so far to the fundraisers goal amount. The ratio is empirically binned into 4 groups: (0, 0.5], (0.5, 1], (1, 1.25], and (1.25, 2.5].
Fundraisers with ratios from 0 to 0.5 are defined as unsuccessful, while those larger than 1.25 but not greater than 2.5 are regarded successful. Image Features. We used a pre-trained model called NIMA (Lennan et al. 2018) to predict the aesthetic quality and technical quality of cover images, respectively. The models were trained via transfer learning, where ImageNet pretrained CNNs are used and fine-tuned for the image quality classification task. The predictions ( Figure 3) show that the aesthetic classifier correctly ranks the cover images from very aesthetic (the rightmost creative art image) to the least aesthetic (the leftmost image with two boring cars). Similarly, the technical quality classifier predicts ( Figure 4 ) higher scores for visually pleasing images (third and fourth from the left) versus the images with JPEG compression artifacts (second) or blur (first). In order to a better understand the influence of facial attributes on crowdfunding success, we use the prediction outcomes from Face++. Figure 5 shows the summary statistics of the Face++ results.
Text Features. We computed 92 LIWC features (e.g. word categories such as social and affect) to model the text Data (Pennebaker, Francis, and Booth 2001). These features can potentially reflect the distribution of the text data.
Fusion Methods. We apply both early fusion and late fusion (You et al. 2016) to predict the crowdfunding success using pictorial and textual features. Figure 6 shows the flowchart of the multimodal data fusion.
Experiments and Discussions
In this section, we investigate the relationship between fundraiser success and the attributes of the fundraisers. First, we analyze the category proportion of each goal amount group. After controlling for category, we dig deep into the city population, the LIWC features and the image quality.
Campaign Category. Each campaign on GoFundMe belongs to one of 19 unique categories (e.g. Weddings & Honeymoons). The number of campaigns in each category is evenly distributed with the exception of Other and Non-Profits & Charities. However, the proportion of successful to unsuccessful campaigns in each category is not uniform.
Weddings & Honeymoons, Competitions & Pageants and Travel & Adventure are the top three categories that are most likely to fail in a fundraising campaign that has a goal amount between $0 and $8000. The top three categories that Population. We analyze the fundraisers city population for each category. We find that only Babies, Kids & Family is influenced by the population of the fundraisers city population, and it is only significant in the $8000 to $40000 goal amount group (p < 0.05). The success ratio in small towns is significant higher (p < 0.05) than that in big cities for this category. This suggests that it is easier for fundraisers to achieve their fundraising goals if they are from a smaller city. We dig deeper by taking a look at the number of the times a fundraiser gets shared via social media. The fundraiser from a small city raising money for Babies, Kids & Family has significantly more shares than the one from a big city (p < 0.05). A possible explanation is that the people from a small city have a stronger sense of belonging or community than the people from a large city.
Campaign Description. Since category is a main variable to analyze, we examine the LIWC features in each category so as to control the influence of a category. As we expected, some categories of the fundraising campaigns are influenced by the LIWC features. Table 4 shows the LIWC features that have a significant influence on the crowdfundings performance. In the lowest goal amount group, the results of the Pearson correla- tion indicate that there is a significant positive association between the crowdfunding success and the projects descriptions (p < 0.0001). In the Volunteer & Service category, a higher ratio of "time" related words (e.g. end, until, season) contributes to a lower chance of success in the crowdfunding campaigns. This suggests that people are less likely to donate to a volunteer activity that has a specific period. Animals & Pets and Competitions & Pageants are correlated to the way the project description is written (p < 0.0001). For the Animals & Pets category, insight is negatively correlated with the success of a crowdfunding campaign, which suggests that people are more willing to donate for animals and pets if the description includes a direct expression of the fundraisers feelings.
GoFundMe also allows people to raise money for someone else. That is why the description is not always written by the people who actually need help and is also why the description is not always written using the first-person pronoun. For the Competitions & Pageants category, I is posi-tively correlated with success while Clout and they are negatively correlated. This suggests that if someone wants to raise some money for their competitions or pageants, they should write the description from his/her perspective and try to avoid asking someone else to write the fund description for them. They should also try to write the description in a more humble way.
The reason that bio and health are positively correlated with the chance of success of Sports, Teams & Clubs is that these words are more related to health issues. This suggests that probably the person behind the fundraiser is likely in need of a medical treatment. As we saw before, the fundraisers about medical treatments are always more likely to receive donations.
In the second goal amount group, even more categories are influenced by the LIWC features. shehe, affect and social are positively correlated with the success of a fundraiser in the Community & Neighbors category. A higher number of tentat suggests a higher probability of success in the Creative Arts, Music & Film category. tentat is related to words like perhaps and maybe. If someone wants to raise some money for his/her artwork and he/she is describing it in a tentative way, probably that means he/she needs more help. We guess that is why people are more willing to donate money. In addition, a description that seems more anxious or more worried is more likely to help the fundraiser raise more money if it is about Missions, Faith & Church.
If people want to raise some money for their trips, their plan is more likely to be successful if they can convince the donors that their project has a far-reaching purpose.
Anger is negatively correlated with a fundraiser's success in the Dreams, Hopes & Wishes category. However, focusfuture is positively related. We think this is because that dreams are positive things and they make people feel warm, energetic, and excited. When people write a description about dreams, they should not involve words that have negative energy. In addition, they should focus more on the future.
A higher Clout value indicates a more confident description and a lower value indicates a more humble description. As the proposed analysis shows, categories like weddings and honeymoons are not easy to get donation. People probably favor humble couples. It seems reasonable that a higher value of I increases the probability of success. For example, the descriptions that have a high value of i mainly describe how one of the couple wants to prepare something nice for his/her partner, therefore we can find many first-person pronouns in that description. When sweet language is used, we find that campaigns are more likely to receive donations.
For the Sports, Teams & Clubs category, it is counterintuitive that the descriptions with more achieve words have a negative influence on donation. Normally, people would love to see someone with the ambition and desire to win when it comes to sports. It is really interesting that based on our data, those people actually receive less donation. For this part, we still do not have a convincing explanation other than the suspicion that overstating may actually turn third-party people off.
We have not found enough evidence to conclude that there is relationship between the description and the success of a fundraiser in the third or the fourth group.
Image Quality. Table 5 shows the image quality features that have a significant influence on the fundraisers performance. We found that Competitions & Pageants, Community & Neighbors, and Weddings & Honeymoons are the only three categories that are influenced by image quality. This suggests that the success of fundraisers is related to their cover image quality if their fundraising purpose falls into one of these three categories. Take the Weddings & Honeymoon category as an example. Figure 7 shows several randomly selected photos from the successful and unsuccessful groups. The ones from the successful group are on the left, and the ones from the unsuccessful group are on the right. By looking at them, we find that campaigns with higher success rates have fancy cover images and the fundraisers apparently made conscious efforts in taking those photos. In contrast, campaigns with lower success rates have casual selfie cover images. However, it is still unclear why the image quality is negatively correlated to the success of fundraisers in the Competitions & Pageants category. Perhaps overdoing the cover photos make people think that the activity should already be well funded.
Face Attributes. Table 6 shows face attribute features that have significant influences on the crowdfundings performance. In the ($0, $8000] goal amount group, a smaller number of faces corresponds to a higher chance to succeed in a crowdfunding related to competitions and pageants. In fact, the mean number of faces of the most unsuccessful group where the ratio is between 0 and 0.5 is 4.07, and that of the most successful group where the ratio is between 1.25 and 2.5 is 2.41. In the ($8000, $40000] goal amount group, we find that the number of faces and age are positively correlated with the crowdfunding performance if it is about medical, illness and healing. In the most successful group, the mean number of faces and the age is 1.81 and 34.31, respectively. For the most unsuccessful group, the mean is 1.00 and 21.50, respectively. We analyze some cover images and find that donors respond positively to the family photos which were taken before the accidents happened. More people and faces of the elders in the cover image might make the donors feel more sympathy. However, what is interesting here is that the number of faces does not work the same way in the competitions and pageants category as it does in the medical and healing category. We think the reason is that they are different categories. Recall in the previous sections, we found that medical fundraisers are almost always the most successful. People do care about others and are willing to donate, if it is urgent or about life and death. People are less likely to donate to less urgent events like weddings and competitions. For "Animals & Pets" and "Travel & Adventure", we find that the appearance of a child boosts donations. Probably that is because that the thought of children and those activities make people feel the need to support.
Classification Evaluation. In this section, we conduct classification experiments to evaluate the effectiveness of our proposed features using the Random Forest model. Considering that we take the ratio group as our output, we choose different features as the input to perform the classification:
• Basic Information with Category. • Early Fusion. The text description and image information are combined as the input. • Late Fusion. The text description and image information are used to construct separate models, respectively, before a final decision is combined. For all the above settings, we employ Random Forest as the classifier. We show the quantitative results of our experiments in Table 8 . The performance of different models is evaluated by four metrics: accuracy, precision, recall, and F-measure. During the experiments, the number of estimators is set to 1000 for every setting, and each setting is run 5 times and the results are averaged. We conduct experiments in each goal amount group, and calculate the weighted metrics.
As the table shows, the baseline models with the basic information are the worst at prediction in each group. In contrast, adding extra information can always increase the classification performance.
In the $0-$8000 group, the performance of the models using the basic information and the models using LIWC or Face++ is quite comparable. The one that combines all of the features is the best according to all metrics.
In the $8000-$40000 group, the models using LIWC are relatively better than the models using the basic information or Face++. City population is not really useful during the classification. The aesthetic score and technical score of the cover image are really helpful for making a classification. It is even a surprise that the Single Image Quality setting is the best at classification.
Since there is no sufficient evidence to conclude the relationship between features and success within the last two groups, we use the basic information as the input. As we can see from the table, it is easier to make a reliable classification within a higher goal amount group.
The weighted metrics are shown in the table. Early fusion and late fusion are both better than the baseline, and early fusion is the best choice.
